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Abstract— Planning smooth and energy-efficient motions for
wheeled mobile robots is a central task for applications
ranging from autonomous driving to service and intralogistic
robotics. Over the past decades, a wide variety of motion
planners, steer functions and path-improvement techniques
have been proposed for such non-holonomic systems. With
the objective of comparing this large assortment of state-
of-the-art motion-planning techniques, we introduce a novel
open-source motion-planning benchmark for wheeled mobile
robots, whose scenarios resemble real-world applications (such
as navigating warehouses, moving in cluttered cities or parking),
and propose metrics for planning efficiency and path quality.
Our benchmark is easy to use and extend, and thus allows
practitioners and researchers to evaluate new motion-planning
algorithms, scenarios and metrics easily. We use our benchmark
to highlight the strengths and weaknesses of several common
state-of-the-art motion planners and provide recommendations
on when they should be used.
I. INTRODUCTION
Motion planning is a central component in the application
of mobile robots to various important real-world domains,
such as autonomous driving, warehouse logistics, and service
robotics [1]. Besides finding complex paths in obstacle-rich
environments, they need to account for the kinodynamic
constraints that a wheeled system enforces on the state space.
In particular, in this work, we focus on global motion
planning algorithms that find paths in large, cluttered and
complex environments, often by considering only static or
semi-static information of the environment and an approxi-
mate robot dynamics model.
Over the years, various motion planning algorithms, steer
functions, and path improvement (so-called post-smoothing)
methods have been introduced, while the interest in au-
tonomous robots navigating complex spaces is ever increas-
ing. To investigate the current state of the art in motion plan-
ning for wheeled mobile robots, in this work, we establish a
benchmarking framework that is tailored toward these kinds
of kinodynamic systems and their application in real-world
scenarios.
As shown in Figure 1, our benchmarking is based on
the following ingredients: motion planners, post-smoothing
methods, steer functions1 and collision checkers. The combi-
nation of these building blocks is then evaluated in a variety
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Planners
 Sampling-based planners
 Anytime planners
 State lattice-based 
planners
Metrics
 Exact / collision-free 
solutions
 Path length
 Maximum curvature
 Computation time
 Mean clearing distance
 Number of cusps
Post-smoothing algorithms
 Simplify Max
 B-Spline
 Shortcut
 GRIPS
Steer functions
 Dubins
 Reeds-Shepp
 CC Reeds-Shepp
 POSQ
Scenarios
 Parking (parallel, forward, 
reverse)
 Warehouse navigation
 Procedural grids of varying 
obstacle densities, corridor 
sizes
 Grid environments from 
Moving AI Cities benchmark: 
 Berlin (256x256)
 NewYork (512x512)
 Boston (1024x1024)
Python front-end
C++ back-end
Collision checking
 Polygon-based
Fig. 1. Architecture of the proposed motion-planning benchmarking
framework. The components necessary for motion planning are shown in
the box on the left (green), and the ingredients used in the evaluation are
shown in the box on the right (red). The implementation is split into a C++
back-end for running the resource-intensive motion-planning components,
and a Python front-end for providing a flexible interface to the design and
evaluation of the benchmarking scenarios through Jupyter notebooks.
of scenarios (environments with start and goal configura-
tions) along various metrics.
In a typical experiment, the scenario determines the
environment and the start and goal configuration. A mo-
tion planner is instantiated with a defined steer function
to connect two vertices during the search while ensuring
kinodynamic feasibility. Throughout the planning phase, a
collision checker validates the currently considered solution
with regards to the shape of the robot and the obstacles in the
environment. After the planner has found a feasible solution,
it can optionally be improved through post-smoothing algo-
rithms that modify the path in order to reduce path length
and curvature.
Each of these ingredients are chosen carefully to ensure
they match our application constraints. For example, we
focus solely on polygon-based collision checking that places
an additional burden on planners that make heavy use of
the state validation test. In other experiments, we investigate
how post-smoothing methods can benefit the efficiency of
the planning framework and show that in some cases the fast
solutions found by feasible sampling-based motion planners
[2], [3] can be smoothed in a way that they outperform their
slower, albeit asymptotically optimal [4], anytime motion
planning counterparts. Drawing from conclusions of these
findings, we give recommendations on the combination of
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the considered motion-planning components for particular
application areas.
While much of our benchmarking software largely builds
on the Open Motion Planning Library (OMPL) [5], we
provide interfaces to implementations of planners (such as
SBPL planners and Theta∗) and steer functions (POSQ
and continuous-curvature steering) outside of OMPL. This
enables us to get a more comprehensive picture of the current
progress in motion planning for wheeled mobile robots,
while being more agnostic to particular implementations of
the building blocks.
II. RELATED WORK
Several benchmarks have been proposed recently for ana-
lyzing the performance of different planning algorithms for
a large variety of robotic systems [6], [7], [8], [9], [10], [11],
[12]. All of them are generic and do not deeply analyse, as in
our case, algorithms’ planning performance for the specific
case of wheeled mobile robots. Following we detail the most
prominent ones.
The Pathfinding Benchmarks [10] from the Moving AI lab
are designed for 2D path finders which consider no kinematic
constraints of the robotics system. The benchmark offers a
large set of scenarios (start, goal positions with length of
optimal 2D path) for each grid map (of different nature i.e.
mazes, cities). Contrarily to the latter, our benchmark, which
uses some of its maps, considers different nonholonomic
systems and different evaluation metrics rather than only path
length.
Althoff et al. [6] propose a composable benchmark for
motion planning and control on roads, specific for cars
autonomously driving on road networks’ lanes. Differently
our benchmark focuses its attention on static open spaces
(indoor and outdoor) where a planner finds a global path for
maneuvering an autonomous system (i.e. differential drive
robot or car).
Moll et al. [7] introduce a generic benchmarking tool for
motion planning algorithms highly coupled with OMPL [5].
This benchmark suite is highly customizable (it is straight-
forward to integrate novel collision checkers or sampling-
based planners) but lacks of specific benchmark scenarios for
mobile robotics applications. On the contrary, we propose
a benchmark that contains a set of scenarios, problems to
solve and metrics specific for mobile robotics settings. Also
[11] collects a set of classical benchmarks (e.g. alpha puzzle,
bug-trap) for different systems, but the benchmark offers
a relatively small amount of examples for wheeled mobile
robots.
Similarly to the benchmark presented by Cohen et
al. [8] and differently from [7], our approach enables
researchers and practitioners to test different classes of
motion planners, i.e., sampling-based planners (e.g. RRT∗,
PRM∗ [4], RRT [13]), discrete-search approaches (e.g.
A∗ [14], Theta∗ [15]), state-lattice based planners (e.g.
ARA∗ [16], ANA∗ [17]). Differently from both of them,
we provide several definitions of publicly-available steering
functions for wheeled mobile robots (e.g. POSQ [18], Con-
tinuous Curvature [19], Reeds-Shepp [20], and Dubins [21]).
Luo et al. [9] introduce a benchmark on asymptotically
optimal planners. These are compared on four different
environments, with a single pair of predefined start and goal
poses. The study considers only straight line connections
(no particular kinematics or nonholonomic constraints). In
this work, we propose a benchmark with a much larger
selection of diverse environments, and consider different
nonholonomic constraints.
Several other works [22], [23], [24], [25] have presented
approaches to benchmark motion planning algorithms of
robots moving in dynamic environments. Our work focuses
its attention to planning considering a current static descrip-
tion of the environment: a fundamental single planning step
performed during robot navigation in dynamic environments.
III. APPROACH
In this paper, we benchmark global motion planning
algorithms commonly used for wheeled mobile robots, and
provide general recommendations on the usage of these
methods, considering their combination with post-smoothing
methods and various steer functions. Our benchmark is based
on two fundamental pillars: the components involved in
motion planning and the evaluation procedures (shown in
the box on the left and right, respectively, in Figure 1). In
particular, evaluating the performance of a motion planning
algorithm requires selecting the appropriate testing environ-
ments (e.g., considering different types of map representa-
tions) and metrics (related to planning efficiency and quality
of the results). We carefully selected these components by
considering their scientific impact, and their recognition and
popularity in the open source community [5], [26], [19]. Our
choices are thoroughly presented in Sections IV-V and will
be used to solve the following motion planning problems.
A. Motion Planning Problem
Let X⊂RD be a manifold defining a configuration space,
U⊂RM the symmetric control space, Xobs ⊂X the obstacle
space and Xfree =X\Xobs the free space. A wheeled mobile
robot can be described by an ordinary differential equation
denoting a driftless control-affine system [27]:
x˙(t) =
M
∑
j=1
g j (x(t)) u(t) (1)
where x(t)∈X is the state of the system, u(t)∈U the control
applied to it, for all t, and g1, . . . ,gM are the system vector
fields on X.
Let γ denote a planning query, defined by its initial state
xstart ∈X and goal state xgoal ∈X. We define the set of all
possible solution paths for a given query γ as Σγ , with σ ∈
Σγ : [0,1]→Xfree being one of the possible solutions such
that σ(0) = xstart and σ(1) = xgoal. The arc-length of a path
σ is defined by l(σ) =
∫ 1
0 ||σ˙(t)||2 dt. The arc-length induces
a sub-Riemannian distance dist on X: dist(x,z) = infσ l(σ),
i.e., the length of the optimal path connecting x to z, which
due to our assumptions is also symmetric. Let σ∗ denote the
set of all points along a path σ . The dist-clearance of a path
σ is defined as
δdist(σ) = sup
{
r ∈ R | Rdist(x,r)⊆Xfree ∀x ∈ σ∗
}
(2)
where Rdist(x,r) is the cost-limited reachable set for the
system in Eq. 1 centered at x within a path length of r (e.g.,
a sphere for Euclidean systems):
Rdist(x,r) =
{
z ∈X | dist(x,z)≤ r}. (3)
The dist-clearance of a query γ is defined as
δdist(γ) = sup
{
δdist(σ) | σ ∈ Σγ
}
(4)
and denotes the maximum clearance that a solution path to
a query can have. A planning algorithm solves the following
δˆdist-robustly feasible motion planning problem P: given a
query γˆ with a dist-clearance of δdist(γˆ)> δˆdist, find a control
u(t) ∈U with domain [0,1] such that the unique trajectory
σ satisfying Equation 1 is fully contained in the free space
Xfree ⊆ X and connects xstart to xgoal. Moreover, in case
of (asymptotically) optimal planning, the planner minimizes
(as the number of samples goes to infinity) a defined cost
function c : Σγ → R≥0. Hereinafter, we will use the term
steer function to indicate a function that generates a path in
X connecting two specified states.
IV. PLANNING COMPONENTS
In this section we detail the ingredients used in our bench-
marking framework, i.e., motion planners, post-smoothing
methods, collision checkers, and steer functions (see Fig-
ure 1).
A. Motion Planners
We compare a variety of planners belonging to four
different families, namely feasible sampling-based motion
planners, any-angle path planners, anytime or asymptotically
optimal motion planners and state-lattice-based planners2.
We choose the most prominent open-source available plan-
ners for each class.
1) Feasible Sampling-based Motion Planners: To this
class of planners belong all the planners that are only
probabilistically complete, i.e., the planner will find a path
with a probability of one if the number of samples goes
to infinity. We adopt the following ones from the OMPL
library: RRT [13], Stable Sparse RRT (SST) [28], EST [29],
SBL [30], PDST [31], PRM [3], SPARS [32], SPARS2 [33].
For all of them we use a uniform distribution with goal
biasing, we plan in future to extend it also to deterministic
sampling approaches [34], [35], [36].
2For the sake of brevity we leave out detailed explanations of the planning
algorithms and direct the reader to the corresponding references.
2) Anytime or Asymptotically Optimal Sampling-based
Motion Planners: In contrast to the planners from Sec. IV-
A.1, anytime, or optimal, sampling-based motion planners
are asymptotically optimal planners (i.e. the probability of
finding an optimal solution approaches one as the num-
ber of samples increases to infinity). This category in-
cludes the following planners from OMPL: RRT∗ [4], In-
formed RRT∗ [37], SORRT∗ [38], BIT∗ [39], RRT# [40],
BFMT∗ [41], PRM∗ [4], and CForest [42]. In this class, we
additionally include planners that perform informed search
(Informed RRT∗, SORRT∗, BIT∗) or use multiple trees in
parallel (CForest). We configure these algorithms to sample
from a uniform distribution with goal biasing.
3) Any-Angle Path Planners: In contrast to classical grid-
based path finding approaches, such as A∗, any-angle plan-
ners do not constrain their solutions to grid edges. Due
to their advantageous smoothness and planning efficiency,
we choose this class of planners, instead of classical path
planners on the grid. In particular, in our benchmarking,
we adopt the algorithm Theta∗ [15] by also considering
connections between grid points (thus samples from the
configuration space) generated by a steer function. To enable
Theta∗ to use steer functions, we leverage the approach
presented in [43].
4) State-Lattice-based Planners: In this benchmark, we
include state-lattice-based planners that use deterministic
sampling. In particular, they approximate the configuration
by using a state lattice generated through a forward ap-
proach [44]. We make use of the SBPL library [16] with
the following planners: ARA∗ [16], AD∗ [26], MHA∗ [45].
B. Steer Functions
Throughout this benchmark we consider wheeled mo-
bile robots with nonholonomic constraints. Connecting two
states for this class of systems is known as solving a two-
point boundary value problem (2P-BVP) which is typically
accomplished by a steer function [27]. In the following,
we introduce the steer functions used in our benchmark,
namely: Dubins, Reeds-Sheep, Continuous Curvature, POSQ
and motion primitives. For all of them we use the following
kinematic model: x˙ = vcosθ , y˙ = vsinθ , θ˙ = ω , with x,y
being the robot Euclidean coordinates measured against a
fixed world frame, θ the robot heading, v its tangential
velocity, and ω its angular velocity.
1) Dubins Curves: Dubins et al. [21] (DS) assume a car
driving with constant speed v = 1 (i.e. moving forward).
Its optimal paths are a combination of no more than three
motion primitives (go straight (S, ω = 0), turn left (L, ω = 1),
turn right (R, ω =−1)). More precisely, Dubins et al. showed
that optimal paths are a composition of only the following
family of curves: LSR (turn left, go straight, turn right), LSL,
RSR, RSL, RLR, and LRL.
2) Reeds-Shepp: Reeds-Shepp curves [20] (RS) are an
extension of Dubins steering. Besides the Dubins primitives,
Reeds-Shepp curves consider a car that can also move
backwards with constant speed (thus v can be −1 or +1).
The problem to solve is more complex than Dubins, having
now 46 possibilities of composed primitives.
3) Continuous Curvature Steer Functions: Due to their
system definition, Reeds-Shepp and Dubins steering require
the system to be stopped each time a new turn is requested.
To counteract this issue, Fraichard et al. [19] propose a
new class of steer functions for car-like kinematics called
continuous curvature (CC) steering functions. Differently
from Reeds-Shepp and Dubins, continuous-curvature steer
functions enforce continuity on the curvature κ of the paths
(extending the state to also considering the curvature). By
considering the curvature, the complexity of finding an opti-
mal path slightly increases when compared to Reeds-Shepp
and Dubins. Banzhaf et al. [46] further extend this class by
allowing the continuous-curvature functions to fall back to
the Reeds-Shepp family, thus having curvature discontinu-
ities at switches in the driving direction, a useful property
when operating in very cluttered environments (i.e., the car
is allowed to turn the steering wheel while not moving). As
representative of the continuous-curvature steer functions, we
include continuous-curvature Reeds-Shepp steering (referred
to as CC Reeds-Shepp) in this benchmark.
4) POSQ: In [18], the authors exponentially solve the
2P-BVP for the kinematic car-like system by extending the
discontinuous control approach developed by Astolfi et al.
[47]. The approach, unlike Dubins or Reeds-Shepp, does
not produce optimal paths, but it was nonetheless shown
to produce smooth paths. Moreover it does not consider
constant velocities, thus allowing the robot to move more
freely in cluttered environments.
5) Motion Primitives: State lattice planning uses a set
of precomputed motion primitives (pairs of v,ω) instead of
steer functions. Hence, the approach does not fully solve the
2P-BVP. In this benchmark, we use a forward-propagation
approach and use unicycle motion primitives for all the SBPL
planners, which are available from the SBPL repository.
C. Post-smoothing Methods
Besides the planners, in this benchmark, we take algo-
rithms for path improvement into consideration. We adopt
existing post-smoothing methods from the OMPL library,
namely the B-Spline, Shortcut and Simplify Max algo-
rithms [5]. In addition, we compare them against the recently
introduced gradient-informed post smoothing (GRIPS) algo-
rithm [48], a hybrid approach that uses short-cutting and
locally optimizes vertexes placement.
D. Collision Checking
Throughout all our experiments, we use two-dimensional
polygon-based collision models (see Figure 2) where the
robot is represented by a convex shape. Based on the
Separating Axis Theorem [49], we check for intersections
between the robot and the obstacle polygons. Compared to
testing for point collision, this model is significantly more
demanding to evaluate, resulting in larger computation times
for state validation checks. However, since we are interested
in motion planners that are relevant to mobile robots, such
collision models need to be taken into account.
Experiment / Sec-
tion
Environment Collision
model
Description
cross corridor
subsubsection VII-
C.1
100×100 grid
(procedural)
car Evaluation on procedurally gen-
erated corridor environments with
varying corridor diameters (Fig-
ure 3 bottom)
cross turning
subsubsection VII-
C.2
100×100 grid
(procedural)
car Evaluation on procedurally gener-
ated grid environments with vary-
ing turning radii in Reeds Shepp
steering
cross density
subsubsection VII-
C.3
100×100 grid
(procedural)
car Evaluation on procedurally gener-
ated grid environments with vary-
ing obstacle densities (Figure 3
top)
sam vs any
subsection VII-D
150×150 grid
(procedural)
car Comparison of anytime planners
vs. a combination of sampling-
based planners and post-smoothing
methods
Berlin 0 256
subsection VII-A
256×256 grid
(MovingAI)
car Evaluation of the 50 hardest
scenarios from the Berlin 0 256
MovingAI benchmark
NewYork 1 512
subsection VII-A
512×512 grid
(MovingAI)
car Evaluation of the 50 hardest sce-
narios from the NewYork 1 512
MovingAI benchmark
Boston 1 1024
subsection VII-A
1024×1024
grid
(MovingAI)
car Evaluation of the 50 hardest sce-
narios from the Boston 1 1024
MovingAI benchmark
parking 1
subsubsection VII-
B.1
polygon car Evaluation on the polygon-based
environment parking 1 (Figure 4)
parking 2
subsubsection VII-
B.1
polygon car Evaluation on the polygon-based
environment parking 2 (Figure 4)
parking 3
subsubsection VII-
B.1
polygon car Evaluation on the polygon-based
environment parking 3 (Figure 4)
warehouse
subsubsection VII-
B.2
polygon warehouse
bot
Evaluation on the polygon-based
environment warehouse (Figure 4)
TABLE I
OVERVIEW OF EXPERIMENTS CONDUCTED IN THIS BENCHMARK.
V. EVALUATION
In this section, we describe the set of experiments, en-
vironments and the metrics used to evaluate the planners
and post-smoothing methods in terms of planning efficiency
and in returned path quality. The list of all experiments,
pointing to the related results’ sections, is reported in Table I.
The table collects eleven different types of experiment we
run: three of them use the Moving-AI grid environments
described in Section V-A.1.a, four the procedurally generated
grids detailed in Section V-A.1.b, and four use a polygonal
representation of the environment and robot (see Section V-
A.2). Of the latter, three study the behavior of the planners
when the environment complexity change and one properties
of post-smoothers and planners’ combinations.
A. Environments
In the following, we describe the two types of envi-
ronments we consider throughout our benchmarking, as
well as the how the scenarios are defined, i.e. the start
and goal configurations for each environment. We consider
the two main classes of environmental representation used
nowadays for motion planning: grids and the polygon-based
ones. Section V-A.1 details a set of experiments based on
grid representations of the obstacles, a typical approach
used in robotics navigation, in particular when planning
in large environments (i.e. cities, airports, train stations or
large office-like environments). Polygon-based environments,
described in Section V-A.2, are often adopted when planning
in tight and small environments (i.e. parking and warehouse
Fig. 2. The two different polygon-based collision models used throughout
this benchmark.
like environments), where the planning system should more
carefully and precisely consider obstacles’ geometry.
1) Grid-based Environments: We design two sets of en-
vironments, a sub-selection of the grids form the Moving AI
benchmark [10] and a set of grids procedurally generated by
varying corridors’ size or obstacles density.
a) Moving AI environments: The Cities Dataset from
Moving AI Lab’s Pathfinding Benchmarks [10] contains
occupancy grid maps of various cities at varying resolutions,
ranging between 256×256 and 1024×1024 grid cells. The
Moving AI benchmarks are equipped with scenarios for each
environment, i.e., pairs of start and goal positions, sorted by
difficulty (in terms of the length of the shortest path from the
start to the goal). In our benchmark, for each environment
considered, we select the last 50 scenarios that correspond to
start and goal locations which are the most apart from each
other, see an example in Figure 7.
b) Procedurally-generated environments: Besides the
Moving AI environments, we generate grid mazes procedu-
rally to investigate how the planners behave under specific
conditions that influence the available free space. As shown
in the bottom row of Figure 3, the grid worlds we generate
resemble typical indoor scenes with complex networks of
rectangular spaces, such as rooms and corridors. We generate
these environments by starting with a completely occupied
grid and apply a few iterations from a modified RRT ex-
ploration that only connects the nearest tree node to the
randomly sampled point via either horizontal or vertical lines
of a certain width. This allows us to generate environments,
with different corridor sizes (see bottom row in Figure 3).
Following from the RRT tree that generates the free space
in our procedural grid environments, we select the furthest
two points in the tree as the start and goal positions for
each scenario. Additionally, to compare the planners on more
generic environments, we implemented environments where
cells are randomly sampled from a uniform distribution and
set to being occupied. This random process is repeated until
a desired ratio of occupied versus free cells has been reached,
as shown in the top row of Figure 3.
2) Polygon-based Environments: Furthermore our bench-
mark includes environments where the obstacles are repre-
sented by convex shapes and the robot itself is analogously
represented by a polygon. Scenarios of this kind come close
to real-world, two-dimensional navigation scenarios where
the collision checker has to take into account the geometry
of the robot and its environment to evaluate the validity
of state. For example, in the case of a robot represented
by an elongated rectangle, the orientation angle can greatly
influence whether a narrow pass in the environment can be
Fig. 3. Examples of the procedurally generated grid environments. Top:
varying obstacle ratios. Bottom: varying corridor sizes.
Fig. 4. The four polygon-based environments where obstacles are repre-
sented by convex shapes.
traversed, whereas in the point-based collision model such
considerations need not be made.
We show the four types of polygon-based environments we
designed in Figure 4 and with example paths in Figure 5. We
choose five start-and-goal configurations and validate them
by ensuring that the planner BFMT3 finds exact solutions
using the Reeds Shepp steer function (Figure 4). In the
first three cases, we consider the scenario of an autonomous
car-like vehicle that needs to park itself among a set of
surrounding parked cars and other obstacles. We consider
the three common cases of parking: (1) parking forward, (2)
parking backward into a parking lot, and (3) parallel-park
in a street of parked cars. In the last type of polygon-based
environments (4), a complex warehouse-like environment is
simulated where the robot has to navigate between shelves
of various sizes and irregular orientations.
B. Metrics
We compare the planners based on a selection of metrics
relevant to wheeled mobile robotics applications, such as
autonomous driving, service and intralogistic robotics. In
particular, we evaluate the planners in terms of quality of the
returned solutions and in planning efficiency by considering
the following metrics:
• Success statistics that measure the ratio of found,
collision-free, and exact 4 solutions.
• Path length of the obtained solution in the workspace
W . All the asymptotically optimal planners are config-
ured to minimize path length, thus we measure how well
the planners performs based on their main objective.
3Through preliminary experiments, we found BFMT to be among the
most reliable planning algorithms that gave high-quality solutions in short
time on the polygon-based environments.
4A trajectory is exact if it connects the start and goal nodes.
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Fig. 5. Exemplary results for the polygon-based environments parking1, parking2, parking3, and warehouse (from top to bottom) with all five different
start/goal configurations. Each subplot shows the computed trajectories from the Informed RRT∗ planner using the CC Reeds-Shepp steer function.
• Curvature (κ) and Maximum curvature (κmax): as a way
to measure the induced comfort and smoothness of the
obtained paths. Keeping the maximum curvature at a
low level corresponds to smoother maneuvers, therefore
less control effort and energy to steer the robot.
• Computation time to find the first solution.
• Mean clearing distance (δ dist(γ)): with lower values
indicating that the solutions are closer to the obstacles.
• Number of cusps following [46]: maneuvering in diffi-
cult environments may require the robots to stop and
turn the wheels in the opposite direction, thus yielding
a cusp in the trajectory. Having more cusps correspond
to less smooth and more difficult to drive paths.
VI. BENCHMARK IMPLEMENTATION
We develop our benchmarking system in C++ and provide
a high-level front-end in Python5. The experiments are imple-
mented in Jupyter notebooks that leverage our Python front-
end and enable the user to monitor through rich progress
reports and plotting capabilities the status of the execution.
We are collecting the experimental results and derived plots
on our website at https://robot-motion.github.
io/mpb/ where the complete data can be analyzed.
We run the benchmark on a server featuring 256 GB RAM,
two Intel Xeon Gold 6154 @ 3.00GHz CPUs offering 72
threads in total, running on Ubuntu 18.04 (kernel version
4.15.0). Each experiment is run using 20 parallel processes
that correspond to different environment seeds, in the case
of the procedurally generated environments. Each process
5Our code will be made open-source at https://github.com/
robot-motion/mpb.
runs a sequence of planners and post-smoothing methods on
its predefined environment. We limit the parallelism to 20
out of 72 available CPU cores due to the fact that planners
such as CForest spawn multiple threads on its own to find a
solution. By further randomizing the order in which each of
our benchmark processes executes the planners, we can keep
the number of parallel threads in check (e.g. avoid running
20 parallel CForest instances). Each process is automatically
cancelled if twice of its time limit has been exceeded (time
out), or if its memory consumption has exceeded 18 GB.
VII. RESULTS
This section summarizes the results obtained in our exper-
iments, while focusing on the main findings. The complete
statistical analysis will be published on our website.
A. Moving AI Scenarios
This section reports the results obtained of the grids
selected from the Moving AI benchmark, see Tables II,
III and IV. The solution column contains two numbers
separated by a ‘/’: the second number indicates the number
of solutions found (highlighted by the orange bar in the
background), the first number indices how many of these
solutions are collision-free. Each planner is run on a total of
51 scenarios. The following columns indicate the planning
statistics in the format mean ± standard deviation across the
metrics (planning time, path length, maximum curvature and
average curvature along the paths). The last column shows
the total number of cusps in all solutions combined. We
group these statistics by the steer functions, for which we
selected different time limits, as shown in the tables next
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Fig. 6. Statistics for the parking1 scenarios. First row: Reeds Shepp steering, second row: CC Reeds Shepp steering, third row: POSQ steering, fourth
row: Dubins steering.
to the group labels. These time limits have been determined
empirically to ensure that many solutions could be found.
The SBPL planners are treated separately since they did not
use any of the provided steer functions but their particular
unicycle motion primitive.
a) Path Length and Smoothness: Results are detailed
in Table II. In terms of path length and smoothness, any-
time path planners achieve better performance within the
given maximum planning time for all the steer functions.
Feasible planners generate often longer and less smooth
paths (higher curvature and number of cusps). Specifically
for the scenario Berlin 0 256, BFMT achieves the shortest
path lengths within the fastest time with average curvature,
except with POSQ steering where it has poor runtime and
path length. KPIECE throughout all experiments finishes
among the fastest but consistently has the longest paths
and among the worst maximum curvature. For the Dubins
curves, it was considerably more difficult for the planners
to find feasible solutions – sampling-based planners, such
as EST, SST, PDST and KPIECE were the most successful
in finding exact, collision-free paths. In the NewYork 1 512
scenarios, RRT∗, RRT#, SORRT∗, Informed RRT∗ and CFor-
est achieve the shortest solutions with the lowest curvature.
While CForest generally finds short solutions with low
computation times, few of them are collision-free. EST finds
the most and shortest solutions with POSQ, although with
a significant number of cusps resulting in relatively high
curvature. Boston 1 1024 is the largest of the grid-based
environments and requires significantly longer computation
times for the majority of planners to return an exact and
collision-free path. In most cases, only the feasible sampling-
based motion planners, such as EST, SST and RRT manage
to find valid solutions, whereas CForest, Informed RRT∗ and
SORRT∗ do not find any collision-free paths with Reeds-
Shepp steering within a time limit of 7.5 min. BFMT finds
the most collision-free solutions with Reeds-Shepp and CC
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Fig. 7. Many of the challenging Moving AI Cities scenarios define start and
goal locations that are too close to obstacles to be solvable by a polygon-
based collision model of the robot. Shown here are two scenarios from the
Berlin 0 256 map with highlighted start and goal positions.
Reeds-Shepp with among the shortest path length and lowest
curvature (among planners which also find valid paths). With
POSQ and Dubins as steer functions, however, it fails to find
any (POSQ) or more than one (Dubins) solutions.
b) Post-Smoothing Results: In Figure 15 we sum-
marize the post-smoothing results across all planners in
the Berlin 0 256 scenarios, which is representative for the
other Moving AI benchmark environments. GRIPS often
outperforms the other methods in maximum curvature while
achieving similar path length as SimplifyMax. In compu-
tation times, B-Spline, Shortcut and SimplifyMax perform
similarly, except with POSQ steering where the latter is
significantly slower with a median computation time almost
twice as high as the other methods. SimplifyMax yields
solutions which often have very small clearing distance.
B-Spline solutions have considerably more cusps than the
results obtained with the other methods.
c) Theta∗ and SBPL Issues: On the larger-scale envi-
ronments considered throughout this benchmark (particularly
the Moving AI scenarios), we noticed that our current
implementation of Theta∗ makes heavy use of the collision
checker that significantly deteriorates its computation time.
As can be seen in Table II, only in the case of a 6 min time
limit for a fast-to-evaluate steer function, such as Dubins,
does this algorithm find a competitive number of collision-
free, exact solutions. In other cases, our implementation does
not yield a solution before the time limit is up. Similarly,
the planners AD∗, ARA∗ and MHA∗ from SBPL were often
unable to find feasible solutions within the time limit. On the
Boston 1 1024 scenario, MHA∗ found only a single solution
within 60 min, while non of the other SBPL planners returned
any feasible path. We therefore excluded these results from
Table IV.
B. Polygon-based Environments
The following scenarios are particularly tailored toward
autonomous driving. Instead of navigating grid world, the
environments use arbitrary convex shapes to represent ob-
stacles.
1) Parking scenarios:
a) Path Length and Smoothness: Similarly to the grid-
based environments, in these scenarios, anytime planners
achieve better performance in terms of path length and
smoothness than feasible planners, although at the price
of being slower. In the scenarios for the first parking en-
vironments, we notice that RRT, Informed RRT∗, RRT∗
and SORRT∗ always find solutions, across all tested steer
functions, as shown in Figure 6. SST, Theta∗, SPARS
and SPARS2, however, do often not find any solutions.
Particularly SPARS2 is the only planner that cannot find
any solutions for CC Reeds Shepp steering, SST is the
only algorithm that is unable to solve any scenarios with
POSQ steering. The Dubins steer function appears to be
particularly challenging, as SPARS, SPARS2 and Theta∗
cannot find any paths, while various other planners, such as
PRM, PRM∗, BFMT and BIT∗ only solve a small fraction
of the scenarios exactly. We observe similar behavior on
the second parking environment (Figure 16). The parallel
parking environment (parking3) proves more challenging
(Figure 17) for most planners which leads to considerable
less collision-free and exact solutions, particularly under the
kinodynamic constraints of Dubins steering.
2) Warehouse scenarios: We visualize example solutions
obtained from all planners on the fourth scenario from
the warehouse environment with Reeds Shepp steering in
Figure 8. BFMT, CForest, Informed RRT∗ and SORRT∗ find
the shortest solutions which all lie in the same homotopy
class.
Compared to most parking scenarios, the warehouse en-
vironment typically requires longer computation times for
the planners (especially anytime planners) to find solutions.
It offers considerably more opportunity for the planners to
find solutions of varying homotopy classes (cf. Figure 8),
resulting in a larger variance of path length. CForest, In-
formed RRT∗, and SORRT∗ consistently find among the
shortest paths, although Informed RRT∗ has among the
longest computation times (cf. Figure 9).
C. Procedurally-generated grid environments
As described in subsection V-A, we procedurally generate
environments to have full control over the shape of the
free space within the planners need to find solutions. This
allows us to precisely analyze how varying features of the
environments influence the planning results.
1) Varying corridor sizes: As shown on the abscissa in
Figure 10, the corridor sizes are expressed in the number of
grid cells. We sample five 100×100 grid environments for
each corridor radius (Figure 3 bottom row), sampled from
the same starting seed over radii between three and eight
grid cells. As we increase the corridor size, the path lengths
of all planners decrease, as well as the number of cusps.
The curvature metric remains mostly unaffected, except for
PDST, PRM and SPARS2 where it considerable decreases.
Theta∗, the SBPL planners, Informed RRT∗ and RRT# con-
stantly have a low number of cusps and achieve very low
path lengths across all conditions. KPIECE performs the
worst in number of cusps and path length. EST, KPIECE,
Fig. 8. Example trajectories for the different planners in one of the five warehouse scenarios with Reeds-Shepp steering.
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Fig. 9. Statistics for the warehouse scenarios. First row: Reeds Shepp steering, second row: CC Reeds Shepp steering, third row: POSQ steering, fourth
row: Dubins steering.
SPARS, SPARS2 and PRM have poor curvature, but PDST
improves by a factor of two toward the maximum corridor
size. While PDST and RRT initially find four and nine out
of ten possible solutions, only at a corridor radius of four
cells do all planners find exact solutions in every case.
2) Varying turning radii: We vary the turning radius used
by the Reeds Shepp steer function and evaluate the planners
on a 100×100 indoor-like grid environment with a corridor
radius of five grid cells (cf. Figure 3 bottom row). The change
in turning radius has a surprisingly little effect on the path
quality, see Figure 11. Slight developments can be observed
where the path lengths tend to increase as the turning
radius becomes larger. Especially PRM has a pronounced
inclination in the number of cusps. The curvature is generally
not tending in any direction significantly. The number of
exact solutions is at zero for Theta∗, PRM constantly finds
two out of ten solutions, while the other planners find all of
the solutions exactly.
3) Varying obstacle densities: As described in subsec-
tion V-A, in this experiment, we randomly set cells of a
100×100 grid environment to be occupied until a selected
density, i.e. ratio between occupied and free cells, has
been achieved (see Figure 3 top row). Through various
experiments, we determined the ranges between 1% and 3%
to yield meaningful results. We successively increase the
obstacle density in steps of 0.5%, and yet the influence on the
quality of the found solutions is significant. From Figure 12,
we can see that none of the planners are able to find exact
solutions in all ten cases, most start at four solutions which
drops to one and zero as the maximum obstacle density
is approached. Meanwhile, the number of cusps increases
dramatically, especially for KPIECE, PDST; and even BFMT,
SPARS and PRM∗ have a relatively strong increase. The
path lengths are not as much affected, although increasing in
many cases, such as EST, SPARS2, SPARS, KPIECE. The
curvature is increasing for many planners, such as PDST,
PRM, PRM∗.
D. Planning and Post-Smoothing
Based on our experiments with varying time limits over
a range of time limits between zero and 30 seconds, we are
investigating how post-smoothing methods can benefit the
motion planning pipeline. In combination with sampling-
based planners, which quickly find feasible solutions, can
these improvement techniques yield results that are quali-
tatively competitive with the solutions obtained by anytime
planners within shorter computation times?
To answer this question, we run a set of sampling-based
planners (EST, RRT, SBL, STRIDE) with all post-smoothing
methods considered in this benchmark, and compare it
against anytime planners run at time limits ranging between
five and 60 seconds.
As shown in Figure 13, we observe that the algorithms
GRIPS and Simplify Max yield significant improvements in
path length and maximum curvature. They both reduce the
path length typically by a factor of two and similarly smooth
the path in a way that the maximum curvature drops by
close to a factor of two. In most cases, Simplify Max is
considerably faster than GRIPS to obtain these results. The
B-spline algorithm does not always improve the path quality,
which may be explained by the problem that B-splines do not
translate well to curves that can be followed by Reeds Shepp
steering, leading to slight turns that increase the curvature.
Overall, there exist several couplings between sampling-
based planners and post-smoothers that outperform anytime
planners in speed and solution quality. For example, within
three seconds RRT combined with Simplify Max smoothing
achieves a maximum curvature at the same level as an
anytime planner such as Informed RRT∗ after 60 seconds,
while yielding a shorter path length (Figure 14).
VIII. GENERAL OBSERVATIONS
Based on the results detailed in section VII, in this section
we provide a general analysis across the experiments and
give specific recommendations.
A. Planning Time
Feasible planners are much faster and reliable in find-
ing a single solution. RRT consistently ranked among the
fastest of the planners we evaluated. While anytime, i.e.
asymptotically optimal, planners require more time to find
solutions, these are of higher quality than the paths found
by feasible planners. The complexity of the steer function
also severely impacts the performance of the planners. Du-
bins curves, for example, are computationally challenging
systems for planning in very cluttered environments. An
added burden on the runtime complexity stems from the
polygon-based collision model, that, in contrast to typical
point-based collision checkers, further penalizes algorithms
that are not implemented in a way to make as few state
validity checks as possible, such as our non-optimized Theta∗
implementation. Collision checking often consumed most of
the allotted planning time such that this planner, in many
cases, did not find any solution.
B. Quality of Anytime Solutions
Overall the results confirm what we know from the theory:
on average, anytime planners obtain better solutions in terms
of path length, number of cusps and maximum curvature. In-
formed anytime approaches (e.g., Informed-RRT*, SORRT*,
BIT*) can achieve sometimes shorter paths throughout all
tested steer functions. However, this is not always the case.
These approaches are still impacted by larger complexity
in the environment, and do not perform faster in highly
constrained environments.
C. Variability of the Results
The main concern regarding sampling-based planners (fea-
sible and anytime ones) is the high variance of the obtained
results, which may lead also occasionally to low perfor-
mance. In particular, we believe that the stochasticity of the
sampling phase is a major drawback that should be addressed
from the community. Deterministic sampling [34], [35], [50]
is an approach that mitigates this issue. State-lattice planners
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are an example of deterministic techniques, which, at the
price of the solution quality, offer deterministic performance.
D. Post-smoothing Synergies
Post-smoothing combined with feasible planners is a good
strategy in terms of planning efficiency and final path quality
(sub-optimal and may not completely fulfill kinodynamic
requirements). The results show that there exist several
couplings of feasible sampling-based planners and post-
smoothers that outperform anytime planners both in com-
putation time and solution quality.
E. Environment Complexity
Our benchmarking confirms that the environments sig-
nificantly influence the performance of the planners. Envi-
ronments, such as the polygon-based warehouse scenarios,
revealed vastly different solutions between the planners (see
Figure 8).
As pointed out in Section VII-C, the planning performance
is further impacted by different environment characteristics,
such as narrow corridors and spaces cluttered with small
obstacles. Plain state-of-the-art approaches that do not im-
plement additional sampling heuristics, such as goal biasing,
often fail to return solutions in very difficult environments
where the corridors are small or the obstacle density is high.
F. Influence of the Steer Function
Regarding the steer functions, we have observed two main
phenomena which confirm previous theoretical claims [27].
Computationally complex steer functions, such as CC Reeds-
Shepp, severly impact the planning efficiency of all the algo-
rithms. Solving planning queries for systems with complex
nonholonomic constraints in very cluttered environments also
requires more planning time, i.e. particularly for systems
which are not small-time locally controllable, such as Dubins
curves. On the larger-scale experiments (e.g. subsection VII-
A) we observed a significant variance in the planning
time allotment necessary for the planners to find solutions
with different steer functions, ranging from 1.5 min (Reeds-
Shepp) to more than 18 min (CC Reeds-Shepp).
IX. CONCLUSION
Following the need for more reproducible evaluations of
commonly used AI algorithms, and with the goal of compar-
ing a large set of state-of-the-art motion planning techniques,
the presented paper establishes a benchmark for motion plan-
ners that focuses on problems with nonholonomic systems, in
particular wheeled mobile robots. From our experiments, we
draw guidelines and highlight use-cases that are close to real-
world scenarios of autonomous navigation systems. We are
planning to open-source the data and implementation of the
benchmarking framework, including the tooling to reproduce
all presented results.
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Planner Solutions Time [s] Path Length Curvature Clearance Cusps
Scenario: Berlin 0 256 (SBPL, 12 min time limit)
SBPL AD∗ 9 / 9 120.05±0.00 361.92±6.23 1.36±1.74 10.40±1.88 34
SBPL ARA∗ 4 / 4 120.05±0.01 360.43±3.94 0.77±0.07 10.99±1.35 11
SBPL MHA∗ 10 / 10 4.52±4.53 397.16±5.58 2.45±2.62 12.81±2.90 37
Scenario: Berlin 0 256 (Reeds-Shepp steering, 1.5 min time limit)
BFMT 50 / 51 1.39±3.89 369.51±8.72 1.13±0.96 8.82±2.87 204
BIT∗ 13 / 50 90.05±0.09 362.10±6.34 1.27±1.01 7.94±2.11 159
CForest 5 / 51 90.04±0.07 347.10±5.54 0.56±0.73 7.05±1.83 70
EST 46 / 51 2.19±12.47 566.35±116.92 1.70±0.43 11.16±1.57 769
Informed RRT∗ 13 / 51 90.01±0.01 350.08±5.89 0.35±0.33 7.68±2.02 67
KPIECE 45 / 51 1.03±6.95 1077.02±344.55 1.17±0.51 11.22±1.38 1791
PDST 43 / 51 3.40±13.55 580.61±143.46 1.42±0.61 11.32±1.74 555
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RRT# 26 / 51 90.09±0.47 346.96±14.78 0.58±0.75 7.36±1.97 90
RRT∗ 18 / 51 90.01±0.01 347.58±12.50 0.44±0.55 7.31±1.94 80
SORRT∗ 21 / 51 90.01±0.01 350.00±5.64 0.44±0.59 7.44±1.89 75
SPARS 46 / 51 90.33±0.43 471.09±100.80 1.68±0.71 11.05±0.95 586
SPARS2 44 / 50 90.01±0.01 410.60±41.50 2.07±0.56 10.26±2.46 490
SST 48 / 51 90.01±0.01 506.46±77.41 2.03±0.52 9.43±1.61 1348
Theta∗ 0 N/A N/A N/A N/A N/A
Scenario: Berlin 0 256 (CC Reeds-Shepp steering, 18 min time limit)
BFMT 49 / 50 35.67±4.26 366.93±12.15 0.59±0.77 8.78±2.14 126
BIT∗ 26 / 28 1080.46±0.85 372.78±9.39 0.75±0.70 7.83±2.83 101
CForest 0 / 51 5.66±20.36 334.50±46.35 0.74±0.86 7.95±2.60 122
EST 49 / 51 48.41±148.31 670.16±114.72 1.41±0.32 11.46±1.89 1793
Informed RRT∗ 39 / 51 1080.19±0.18 353.80±13.32 0.39±0.56 7.61±2.00 73
KPIECE 26 / 51 77.82±235.60 1022.48±242.38 1.04±0.35 11.23±1.25 3221
PDST 40 / 51 132.05±244.65 523.04±129.90 1.18±0.61 11.63±1.69 540
PRM 38 / 51 1062.67±124.51 389.49±32.72 0.84±0.80 9.06±1.89 411
PRM∗ 38 / 51 1080.34±0.19 379.15±28.99 0.86±0.89 9.12±1.94 260
RRT 49 / 51 35.39±153.67 500.27±75.97 1.26±0.66 11.42±1.59 527
RRT# 51 / 51 1080.54±0.62 351.14±19.94 0.29±0.39 7.97±1.96 69
RRT∗ 47 / 51 1080.15±0.08 348.93±17.16 0.36±0.48 7.71±1.95 55
SORRT∗ 9 / 15 1080.23±0.28 352.77±21.92 0.20±0.00 6.19±2.62 48
SPARS 48 / 49 1083.04±2.92 468.54±75.90 1.39±0.73 11.28±1.30 429
SPARS2 0 N/A N/A N/A N/A N/A
SST 49 / 51 1080.03±0.02 605.81±79.93 1.45±1.10 9.81±1.57 6950
Theta∗ 0 N/A N/A N/A N/A N/A
Scenario: Berlin 0 256 (POSQ steering, 12 min time limit)
BFMT 4 / 10 582.35±69.16 1010.48±287.89 0.98±0.33 13.03±1.39 137
BIT∗ 35 / 41 141.23±96.90 790.39±368.17 0.98±0.36 12.78±2.23 396
CForest 28 / 51 149.11±189.51 341.97±144.55 0.92±0.41 13.75±5.26 171
EST 50 / 51 720.03±0.03 138.47±57.90 1.42±0.37 15.91±6.65 1563
Informed RRT∗ 49 / 51 663.75±193.44 177.58±111.16 0.99±0.46 14.64±5.63 636
KPIECE 21 / 51 24.20±100.24 1236.73±349.43 1.00±0.32 10.72±1.57 1662
PDST 7 / 51 65.20±126.95 579.09±137.92 1.44±0.48 10.86±2.25 1487
PRM 4 / 51 88.85±223.91 643.63±237.00 1.25±0.67 7.94±1.84 1150
PRM∗ 4 / 51 66.34±190.56 607.59±179.27 1.18±0.61 8.09±1.87 817
RRT 49 / 50 688.95±141.08 496.80±184.33 1.09±0.76 13.67±3.12 378
RRT# 44 / 51 692.14±138.87 145.06±97.17 1.00±0.47 16.19±6.63 1087
RRT∗ 46 / 51 692.09±138.98 152.48±105.35 1.01±0.43 15.57±6.15 1240
SORRT∗ 45 / 50 669.23±176.53 162.12±109.61 1.06±0.48 16.22±7.13 563
SPARS 0 / 47 165.72±171.92 662.60±168.32 0.98±0.32 10.01±1.44 317
SPARS2 7 / 51 28.64±61.18 549.87±126.71 1.19±0.43 10.41±1.82 517
SST 0 N/A N/A N/A N/A N/A
Theta∗ 9 / 9 504.14±140.32 364.74±10.22 0.79±0.19 3.08±0.53 36
Scenario: Berlin 0 256 (Dubins steering, 6 min time limit)
BFMT 3 / 39 39.60±69.14 517.98±66.21 0.25±0.00 9.64±1.73 343
BIT∗ 21 / 36 360.06±0.08 363.68±16.81 0.25±0.00 7.95±2.15 18
CForest 6 / 51 360.07±0.03 352.27±20.64 0.25±0.02 7.52±2.18 43
EST 39 / 51 59.46±130.88 675.37±167.61 0.25±0.00 12.22±1.54 372
Informed RRT∗ 19 / 50 360.04±0.03 346.49±50.74 0.25±0.01 7.82±2.19 52
KPIECE 37 / 51 44.94±115.76 1210.09±393.20 0.25±0.02 12.87±1.41 885
PDST 31 / 49 48.08±119.29 524.89±114.19 0.25±0.00 11.59±2.12 124
PRM 0 / 51 360.05±0.03 580.32±93.38 0.25±0.00 8.20±2.58 554
PRM∗ 0 / 51 360.07±0.05 545.61±59.86 0.25±0.00 7.31±1.97 532
RRT 37 / 51 59.14±126.73 518.19±155.43 0.25±0.01 12.21±2.31 126
RRT# 2 / 51 360.03±0.02 338.41±71.86 0.25±0.01 7.42±2.09 50
RRT∗ 23 / 51 360.04±0.03 337.69±70.68 0.25±0.00 7.50±2.15 43
SORRT∗ 18 / 51 360.04±0.04 347.88±52.29 0.25±0.01 7.83±2.24 59
SPARS 0 / 29 360.80±0.77 569.63±83.17 0.25±0.00 9.43±1.60 104
SPARS2 0 / 30 360.01±0.01 504.95±80.48 0.25±0.00 9.39±1.51 155
SST 39 / 49 360.02±0.02 593.49±637.50 0.27±0.11 10.75±3.38 1375
Theta∗ 14 / 14 177.62±101.84 454.41±43.19 0.25±0.00 7.66±1.55 70
TABLE II
PLANNING STATISTICS USING DIFFERENT STEER FUNCTIONS FROM THE BERLIN 0 256 SCENARIO FROM THE MOVING AI BENCHMARK.
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Fig. 15. Planning statistics for the post-smoothing algorithms GRIPS, B-Spline, Shortcut, SimplifyMax (left to right per subplot) using different steer
functions from the Berlin 0 256 scenario from the Moving AI benchmark. These are the 50 most difficult start-goal configurations from the benchmark.
First row: Reeds Shepp steering, second row: Dubins steering, third row: CC Reeds Shepp steering, fourth row: POSQ steering.
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Fig. 16. Statistics for the parking2 scenarios. First row: Reeds Shepp steering, second row: CC Reeds Shepp steering, third row: POSQ steering, fourth
row: Dubins steering.
Planner Solutions Time [s] Path Length Curvature Clearance Cusps
Scenario: NewYork 1 512 (SBPL, 20 min time limit)
SBPL AD∗ 0 N/A N/A N/A N/A N/A
SBPL ARA∗ 0 N/A N/A N/A N/A N/A
SBPL MHA∗ 12 / 12 18.10±19.29 780.59±14.66 0.77±0.05 8.59±0.74 59
Scenario: NewYork 1 512 (Reeds-Shepp steering, 2.5 min time limit)
BFMT 51 / 51 0.94±0.48 717.88±13.39 0.83±0.45 11.81±1.22 275
BIT∗ 11 / 51 148.34±12.48 711.51±12.96 0.58±0.52 10.67±1.72 100
CForest 1 / 51 148.26±12.48 685.82±6.93 0.32±0.26 9.53±1.56 40
EST 45 / 51 0.86±1.15 1125.24±222.17 0.88±0.24 13.02±2.10 839
Informed RRT∗ 3 / 51 148.25±12.48 691.68±7.08 0.47±0.44 9.84±1.54 72
KPIECE 43 / 51 0.67±1.60 2215.37±706.02 0.57±0.21 13.12±2.17 2016
PDST 36 / 51 14.83±37.00 982.94±275.41 0.84±0.35 12.36±1.71 560
PRM 33 / 51 148.33±12.49 722.12±10.27 0.95±0.47 11.56±1.73 393
PRM∗ 35 / 51 148.34±12.49 706.14±9.38 0.66±0.47 11.34±1.65 154
RRT 47 / 51 0.59±1.20 890.31±144.49 0.90±0.34 12.29±1.87 621
RRT# 24 / 51 148.31±12.49 690.45±6.77 0.44±0.39 10.68±1.44 67
RRT∗ 17 / 51 148.25±12.48 689.28±6.10 0.47±0.41 10.52±1.46 73
SORRT∗ 2 / 51 148.24±12.48 690.31±6.34 0.37±0.35 9.93±1.76 46
SPARS 47 / 51 148.94±12.60 989.52±212.95 0.90±0.31 14.03±3.49 573
SPARS2 33 / 51 148.24±12.48 756.76±23.56 1.23±0.48 11.66±1.28 511
SST 42 / 51 148.24±12.47 966.53±83.01 1.17±0.19 9.52±1.26 2424
Scenario: NewYork 1 512 (CC Reeds-Shepp steering, 15 min time limit)
BFMT 50 / 51 32.40±6.97 717.22±15.37 0.41±0.41 12.04±1.82 135
BIT∗ 10 / 26 817.27±194.97 744.30±20.77 0.45±0.39 9.87±1.66 98
CForest 0 / 51 7.05±20.65 710.01±86.08 0.50±0.46 9.48±2.57 127
EST 47 / 48 65.22±46.91 1143.59±213.58 0.77±0.29 11.76±2.08 1360
Informed RRT∗ 19 / 46 818.04±193.96 698.21±19.82 0.37±0.40 10.96±1.66 93
KPIECE 41 / 48 102.45±176.41 2044.73±551.96 0.65±0.38 12.27±2.70 3204
PDST 37 / 48 213.28±325.13 944.86±209.86 0.77±0.50 12.23±1.57 578
PRM 39 / 42 789.64±232.76 761.86±30.03 0.82±0.51 11.99±2.00 307
PRM∗ 35 / 43 804.51±202.57 742.29±22.96 0.58±0.51 11.81±1.96 239
RRT 41 / 48 19.81±39.98 914.38±119.77 0.67±0.38 11.72±1.50 491
RRT# 37 / 38 801.79±209.42 703.77±15.21 0.36±0.39 11.70±1.41 56
RRT∗ 43 / 44 814.42±197.41 701.44±13.19 0.24±0.23 11.64±1.31 50
SORRT∗ 4 / 7 823.17±188.54 653.14±25.20 0.33±0.34 10.45±1.67 12
SPARS 36 / 36 872.82±124.32 972.45±234.22 0.60±0.35 13.53±0.87 335
SPARS2 0 N/A N/A N/A N/A N/A
SST 39 / 40 805.53±205.18 1046.15±152.20 0.88±0.52 9.39±1.14 2323
Scenario: NewYork 1 512 (POSQ steering, 20 min time limit)
BFMT 0 N/A N/A N/A N/A N/A
BIT∗ 2 / 2 142.16±135.70 823.76±100.96 0.61±0.15 16.68±2.78 10
CForest 29 / 43 272.59±333.81 472.46±332.60 0.87±0.54 17.79±6.51 143
EST 47 / 47 1138.81±200.91 204.71±153.09 1.23±0.48 17.64±8.57 908
Informed RRT∗ 44 / 46 1088.31±297.43 243.21±214.34 0.82±0.52 15.95±7.24 937
KPIECE 9 / 51 29.08±36.21 2282.64±855.03 0.68±0.30 12.04±2.25 2033
PDST 6 / 49 337.38±454.74 1055.27±420.35 1.44±0.76 11.23±3.66 1488
PRM 10 / 38 911.31±404.37 1137.52±1130.91 1.47±0.68 8.05±2.56 1454
PRM∗ 5 / 40 658.31±491.15 1012.05±781.99 1.08±0.55 8.68±2.45 1259
RRT 43 / 45 1032.53±343.26 617.91±419.35 0.89±0.40 18.89±6.17 392
RRT# 35 / 47 1044.79±328.51 320.29±264.92 0.85±0.50 16.52±8.05 831
RRT∗ 42 / 45 1035.95±336.34 317.83±265.95 0.85±0.50 16.04±5.93 1046
SORRT∗ 46 / 47 1090.37±295.73 228.19±220.97 0.88±0.51 15.61±6.61 1116
SPARS 0 / 24 228.47±169.73 924.12±136.62 0.81±0.18 12.50±0.92 224
SPARS2 3 / 32 286.44±339.74 1177.41±481.27 0.91±0.64 11.10±2.07 353
SST 0 N/A N/A N/A N/A N/A
Scenario: NewYork 1 512 (Dubins steering, 10 min time limit)
BFMT 2 / 45 38.07±103.58 831.61±53.59 0.25±0.01 11.18±1.74 343
BIT∗ 11 / 31 600.20±0.32 722.41±25.88 0.25±0.00 10.86±1.92 39
CForest 3 / 50 583.29±82.31 696.20±15.79 0.25±0.01 9.84±1.53 33
EST 29 / 51 77.11±181.12 1228.45±284.31 0.25±0.01 12.96±2.20 383
Informed RRT∗ 25 / 51 583.58±81.52 703.05±23.47 0.25±0.03 11.01±1.91 64
KPIECE 28 / 51 39.39±141.51 2114.74±791.26 0.25±0.01 15.16±3.54 1837
PDST 33 / 49 38.43±121.62 901.96±214.32 0.25±0.02 13.26±2.72 148
PRM 0 / 51 583.58±81.53 864.47±61.27 0.25±0.01 10.57±1.76 408
PRM∗ 0 / 50 583.27±82.31 830.02±61.61 0.25±0.00 10.53±1.47 342
RRT 41 / 51 36.65±140.97 968.59±216.20 0.25±0.01 13.03±2.16 190
RRT# 0 / 51 583.58±81.53 694.88±17.03 0.24±0.03 10.00±1.67 27
RRT∗ 12 / 50 583.24±82.30 697.30±19.37 0.25±0.02 10.76±1.56 24
SORRT∗ 19 / 51 583.58±81.53 703.81±24.36 0.25±0.02 11.18±1.90 44
SPARS 0 / 39 591.86±66.57 1115.08±192.55 0.25±0.00 11.78±1.43 292
SPARS2 0 / 35 588.01±69.97 913.56±117.60 0.25±0.02 10.48±1.70 247
SST 41 / 50 583.23±82.31 1028.63±344.21 0.25±0.00 11.17±2.09 1438
TABLE III
PLANNING STATISTICS USING DIFFERENT STEER FUNCTIONS FROM THE NEWYORK 1 512 SCENARIO FROM THE MOVING AI BENCHMARK.
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Fig. 17. Statistics for the parking3 scenarios. First row: Reeds Shepp steering, second row: CC Reeds Shepp steering, third row: POSQ steering, fourth
row: Dubins steering.
Planner Solutions Time [s] Path Length Curvature Clearance Cusps
Scenario: Boston 1 1024 (Reeds-Shepp steering, 7.5 min time limit)
BFMT 48 / 51 2.20±8.52 1521.12±31.06 0.59±0.16 24.95±3.04 430
BIT∗ 12 / 50 450.09±0.17 1470.90±11.15 0.33±0.18 27.17±5.71 102
CForest 0 / 51 450.03±0.02 1430.09±10.05 0.21±0.12 21.42±1.74 63
EST 46 / 51 12.08±62.55 2361.56±348.57 0.43±0.11 32.24±4.87 689
Informed RRT∗ 0 / 51 450.01±0.01 1436.52±12.42 0.29±0.17 21.72±1.79 69
KPIECE 44 / 51 0.73±2.13 4054.10±1042.07 0.28±0.10 32.44±3.93 1432
PDST 32 / 51 64.53±137.23 2363.34±516.57 0.51±0.27 33.61±4.32 626
PRM 28 / 50 450.22±0.19 1492.05±12.06 0.71±0.49 26.05±5.13 541
PRM∗ 30 / 50 450.17±0.13 1460.72±10.00 0.42±0.20 22.79±2.60 258
RRT 46 / 51 0.64±1.91 1859.12±181.52 0.64±0.24 30.92±2.49 446
RRT# 9 / 51 450.37±1.03 1438.70±9.92 0.22±0.11 21.99±1.77 58
RRT∗ 2 / 51 450.01±0.01 1436.19±9.65 0.24±0.15 21.90±1.94 62
SORRT∗ 0 / 51 450.01±0.01 1435.67±8.22 0.28±0.15 21.68±1.80 53
SPARS 35 / 50 451.52±2.06 1933.09±103.78 0.46±0.10 32.21±2.13 460
SPARS2 34 / 51 450.01±0.01 1559.96±37.65 0.63±0.29 33.89±2.50 525
SST 46 / 51 450.01±0.01 1855.10±110.14 0.79±0.19 25.39±3.97 3031
Scenario: Boston 1 1024 (CC Reeds Shepp steering, 45 min time limit)
BFMT 47 / 47 66.92±16.26 1526.63±22.58 0.41±0.21 28.06±5.28 264
BIT∗ 14 / 26 2604.03±484.81 1497.13±15.97 0.41±0.23 25.66±5.81 110
CForest 0 / 50 1.50±1.73 1406.58±204.73 0.31±0.33 22.16±3.50 86
EST 46 / 50 367.45±664.86 2344.28±306.80 0.44±0.10 32.59±4.32 1454
Informed RRT∗ 12 / 43 2583.17±530.75 1385.12±119.89 0.23±0.14 23.71±3.22 56
KPIECE 43 / 48 252.00±563.32 3533.61±693.62 0.36±0.17 30.79±3.94 2476
PDST 36 / 45 1034.87±1098.62 2326.69±647.37 0.48±0.24 33.61±4.43 569
PRM 30 / 39 2571.17±555.87 1552.30±27.06 0.63±0.27 31.07±4.68 478
PRM∗ 30 / 40 2574.74±549.23 1520.56±35.76 0.53±0.19 28.35±5.37 378
RRT 26 / 50 37.15±79.79 1857.30±184.10 0.55±0.21 31.21±3.42 508
RRT# 25 / 41 2579.91±542.55 1460.74±19.50 0.24±0.15 23.49±2.38 73
RRT∗ 14 / 42 2580.62±536.45 1451.53±12.30 0.25±0.15 22.45±2.21 61
SORRT∗ 9 / 9 2420.75±792.13 1162.47±53.04 0.18±0.05 26.27±4.22 13
SPARS 28 / 29 2702.11±2.87 1798.43±95.15 0.52±0.11 34.98±1.37 292
SPARS2 0 N/A N/A N/A N/A N/A
SST 36 / 36 2700.05±0.02 1898.34±130.62 0.73±0.37 25.97±3.79 1937
Scenario: Boston 1 1024 (POSQ steering, 60 min time limit)
BFMT 0 N/A N/A N/A N/A N/A
BIT∗ 7 / 9 1652.64±755.06 3177.10±686.80 0.36±0.21 33.49±3.87 118
CForest 29 / 43 2198.02±1502.31 1166.51±688.03 0.46±0.43 30.03±9.67 231
EST 41 / 42 3526.31±473.09 593.43±404.04 0.86±0.37 25.10±6.77 210
Informed RRT∗ 41 / 45 3387.10±805.45 901.63±381.98 0.41±0.35 30.31±8.17 119
KPIECE 11 / 51 133.32±326.82 4480.23±1099.00 0.46±0.26 27.99±4.77 1698
PDST 3 / 49 1284.96±1387.17 2201.81±730.55 1.11±0.50 26.07±6.34 978
PRM 17 / 40 2603.78±1420.00 1895.07±1730.32 0.88±0.49 21.51±7.13 1377
PRM∗ 7 / 44 1705.63±1575.08 2046.21±1108.60 0.76±0.46 20.81±6.51 1172
RRT 42 / 46 3286.61±916.39 2305.96±989.04 0.52±0.37 35.95±6.92 429
RRT# 28 / 45 3331.73±866.07 988.79±479.13 0.45±0.42 29.68±7.86 107
RRT∗ 43 / 48 3323.11±852.09 967.71±465.57 0.42±0.34 31.39±7.74 117
SORRT∗ 36 / 40 3600.74±0.69 925.67±343.30 0.44±0.41 32.97±8.48 104
SPARS 0 / 26 588.23±833.84 2298.03±393.28 0.36±0.19 30.52±3.87 210
SPARS2 0 / 46 660.50±688.18 2528.72±489.22 0.62±0.43 27.62±4.33 527
SST 0 N/A N/A N/A N/A N/A
Scenario: Boston 1 1024 (Dubins steering, 30 min time limit)
BFMT 1 / 50 75.20±270.19 1650.78±59.43 0.25±0.00 31.92±3.01 303
BIT∗ 12 / 40 1800.32±1.11 1502.68±35.51 0.25±0.01 28.21±6.06 90
CForest 1 / 48 1800.13±0.07 1446.68±20.22 0.22±0.05 21.73±1.83 24
EST 38 / 51 249.30±586.65 2356.67±360.25 0.25±0.00 32.89±3.88 1066
Informed RRT∗ 8 / 46 1800.07±0.07 1453.39±57.24 0.23±0.03 24.18±4.40 39
KPIECE 37 / 51 18.56±83.68 4117.14±958.46 0.24±0.01 35.66±4.56 2052
PDST 25 / 42 50.56±166.76 2412.63±578.49 0.24±0.01 32.86±4.03 327
PRM 0 / 47 1800.13±0.11 1620.43±75.43 0.25±0.00 31.94±5.27 262
PRM∗ 6 / 44 1800.22±0.27 1600.53±82.10 0.25±0.00 30.65±5.99 216
RRT 36 / 51 16.19±58.95 2175.83±303.94 0.25±0.01 33.57±4.17 511
RRT# 0 / 46 1800.15±0.53 1433.26±67.70 0.24±0.02 21.88±2.21 22
RRT∗ 1 / 49 1800.06±0.05 1417.91±95.88 0.24±0.03 22.52±1.71 31
SORRT∗ 10 / 46 1800.06±0.06 1452.59±57.02 0.24±0.02 24.93±4.52 37
SPARS 2 / 39 1805.31±4.54 1842.57±105.67 0.25±0.00 30.57±1.37 198
SPARS2 2 / 42 1800.01±0.01 1721.66±63.07 0.25±0.00 32.25±3.90 371
SST 42 / 45 1800.05±0.04 1838.02±132.55 0.32±0.25 28.23±4.24 1263
TABLE IV
PLANNING STATISTICS USING DIFFERENT STEER FUNCTIONS FROM THE BOSTON 1 1024 SCENARIO FROM THE MOVING AI BENCHMARK.
